In this paper, we consider the power minimization problem of joint physical resource block (PRB) assignment and transmit power allocation under specified delay and reliability requirements for ultra-reliable and low-latency communication (URLLC) in downlink cellular orthogonal frequency-division multiple-access (OFDMA) system. To be more practical, only the imperfect channel state information (CSI) is assumed to be available at the base station (BS). The formulated problem is a combinatorial and mixed-integer nonconvex problem and is difficult to tackle. Through techniques of slack variables introduction, the first-order Taylor approximation and reweighted 1-norm, we approximate it by a convex problem and the successive convex approximation (SCA) based iterative algorithm is proposed to yield sub-optimal solutions. Numerical results provide some insights into the impact of channel estimation error, user number, the allowable maximum delay and packet error probability on the required system sum power.
I. INTRODUCTION
Ultra-reliable and low-latency communication (URLLC) is one of the areas of interest in B5G and 6G. It acts as an enabler for mission-critical applications such as factory automation, remote control, and intelligent transportation system (ITS). Such scenarios call for ultra-low latency (e.g. user-plane latency 1 ms) and ultra-high reliability (e.g. 99.999%) [1] , which imposes new challenges to the future cellular network. Although orthogonal frequency-division multiple-access (OFDMA) has been widely adopted as the air interface in wireless networks, enabling URLLC needs scalable numerology (new OFDMA based frame structure) rather than fixed numerology used in the LTE system [2] . Based on the new frame structure of 5G, the problem of packet scheduling and resource allocation to meet multiple URLLC users' quality-of-service (QoS) requirements (delay, reliability and transmission rate) arises.
A number of resource allocation problems in the OFDMA system have been investigated in the literature to improve system performance. To exploit the space-time-frequency domain, the resource allocation problem has been considered in the multiple-input single-output (MISO) OFDMA and multipleinput multiple-output (MIMO) OFDMA system in [3, 4] , respectively. Given that the perfect channel state information (CSI) cannot be available at the transmitter side, authors in [5, 6] took into account the impact of imperfect CSI on the design of resource allocation scheme. In general, the resource allocation problem is jointly optimized with other aspects. For example, in [7] , the prioritized link scheduling, subchannel assignment, and power allocation were jointly optimized to maximize the number of scheduled non-prioritized links and their sum rate under the minimum rate requirements of all links. Driven by the demand of URLLC, some researches investigated how to conduct flexible resource allocation design to meet such rigorous demands. The authors in [8] considered the resource allocation problem both in the one-shot transmission scheme and the hybrid automatic repeat request (HARQ) scheme to maximize the admissible URLLC packets load. In [9] , the globally optimal solutions of the joint uplink and downlink resource allocation problem for improving the energy efficiency can be obtained for a URLLC system. However, the above two URLLC-relevant works assumed that the channel gain is same even for different subchannels. The recent work [10] has considered that factor and formulated a resource allocation problem for multi-user downlink URLLC-OFDMA system to maximize the weighted sum throughput with constraints on the transmission bit number, delay and reliability. Unlike the well studied weighted sum throughput maximization problem with perfect CSI in [10] , in this paper, we focus on the sum power minimization problem with imperfect CSI and specified URLLC demands since the assumption of imperfect CSI is more practical especially in URLLC systems. In view of this, the worst-case robust packet scheduling and resource allocation is of significant importance in URLLC applications. Therefore, in this paper, we consider the joint optimization problem of physical resource block (PRB) assignment and power allocation to minimize the total transmit power of the base station (BS) in the downlink cellular URLLC-OFDMA system, while guarantee the specified QoS requirements of stringent delay, ultra-high reliability and minimum number of required transmission bits for each URLLC user. The main contributions of this paper are summarized as follows. challenging to resolve. By utilizing the structure of the problem, we reformulate it into a new problem defined in a larger feasible region and then the original solutions can be recovered. • By virtue of introduction of slack variables, the first-order Taylor approximation and reweighted 1 approximation, we transform it into a convex problem. Due to the high complexity of getting the globally optimal solution, a successive convex approximation (SCA) based iterative algorithm is proposed to efficiently obtain at least a stationary point of the problem.
II. SYSTEM AND CHANNEL MODELS
In this section, we present the system and channel models.
A. System Model
Consider a single-cell downlink multi-user transmission scenario, where a single-antenna BS serves K single-antenna URLLC users indexed by k ∈ K {1, · · · , K}. Based on the 5G NR frame structure [11] , we consider the PRB as a fundamental scheduling resource unit, where each resource block consists of 12 consecutive subcarriers and one slot assumed to span one OFDM symbol duration for simplicity. There are totally M × N PRBs 1 for scheduling in the timefrequency plane, where M and N denoted the number of frequency bins and slots, respectively. As for the kth user, the BS has to send it a URLLC packet of B k information bits within D k time slots and with maximum reliability 1 − ε k . We assume the requirements {B k , D k , ε k } K k=1 of all users are known at the BS. In order to indicate on which PRBs a URLLC packet is transmitted, we define a binary assignment indicator I mnk ∈ {0, 1} where m ∈ M {1, · · · , M }, n ∈ N {1, · · · , N }. If the frequency bin m in time slot n is allocated to user k, we have I mnk = 1, otherwise I mnk = 0. Furthermore, we assume that each PRB is allotted to at most one user to avoid inter-user interference.
B. Channel Model
We assume the channel is quasi-static block fading, which means that the channel remains constant within each coherent block, and varies independently across blocks. However, due to the practical limitations, e.g., CSI estimation error, quantization error, CSI feedback delay, it is impossible to obtain perfect CSI at the transmitter side. This is true specifically for the mission critical scenarios where the time for channel training is highly restricted for data transmission.
In this paper, we adopt the bounded CSI error model to characterize the channel uncertainty [12] . Specifically, the actual channel between the BS and the kth user on the frequency bin m and time slot n can be modeled as
1 A typical subcarrier bandwidth of 15 kHz corresponds to 66 µs for each OFDM symbol in 5G NR, therefore, N should be less than 7 to meet the URLLC delay requirement of 1 ms.
whereĥ mnk denotes the channel estimate, e mnk is the channel estimation error, and δ mnk defines the bound of the uncertainty region.
Under this bounded channel error model, the received signal-to-noise ratio (SNR) of the kth user in the worst case can be expressed as
where α k is the large-scale channel gain at user k that depends on the path loss and shadowing, P mnk is the transmit power assigned to user k on frequency bin m and time slot n, and σ 2 is the power of additive white Gaussian noise (AWGN). It can be easily obtained that e * mnk = −ĥ mnk |ĥmnk| δ mnk , thus the received SNR of user k can be rewritten as
where
for all m, n, k.
III. ROBUST SCHEDULING PROBLEM FORMULATION A. Achievable Rate Characterization
Typically, small packets are required to transmit in URLLC systems with extremely stringent latency constraints, thereby rendering the traditional Shannon's capacity unapplicable to characterize the maximum achievable rate [13] [14] [15] . Y. Polyanskiy etc. proposed a formula for interference-free flat-fading channel which characterizes the relationship between the latency, decoding error probability and achievable rate in the finite blocklength regime [16] . The achievable rate with finite blocklength (FBL) code has been extended to different channels, including the fading channel [10, 17, 18] .
Here we consider the joint channel coding scheme where the data packet of each user is encoded over all scheduled PRBs. Thus, the maximum number of received data bits R k for user k can be approximately characterized by
Note that the approximation V mnk ≈ 1 is adopted in this paper since this approximation is accurate enough when the received SNR is higher than 3 dB, and it is almost true for URLLC scenarios. Here, we plot a picture to verify the accuracy of this approximation for 120 channel uses and decoding error probability ε = 10 −6 , as shown in Fig.1 .
B. Optimization Problem Formulation
In this paper, we are interested in (1) how much power the BS needs to support all users in the system to complete transmission tasks with requirements {B k , D k , ε k } K k=1 ; (2) how to perform resource scheduling to minimize the power consumption of the BS under the imperfect CSI, thereby maximizing energy efficiency. Motivated by these interests, the power minimization problem of robust scheduling and resource allocation for URLLC packets can be formulated as the following optimization programming
The constraint in (6b) guarantees the target payload demand of B k bits for user k. Constraint (6c) and (6d) require that each PRB is allocated to at most one user. The delay requirement that the packet k has to be successfully transmitted within D k time slots is reflected in (6e). The constraint (6f) means the nonnegative power constraint and guarantees that P mnk = 0 if I mnk = 0, which is in accordance with engineering practice. Problem (6) is a combinatorial and mixed-integer nonconvex problem. Its main challenges are due to the binary indicator and the strict nonconvexity of the constraint (6b). The problem (6) is NP-hard in general [19, 20] and the globally optimal solution by exhaustive search incurs high computational complexity. Hence, it is necessary to develop an algorithm to approximately solve the problem (6) such that the URLLC packet scheduling can be efficiently performed.
IV. SCA-BASED ROBUST TRANSMISSION SCHEME
In this section, we first reformulate the optimization problem (6) as a new one which can always yield an optimal solution to (6) if it is feasible. And then we introduce some slack variables and the reformulated problem can thus be approxi-mately resolved by applying the SCA and reweigthed 1 -norm techniques.
By capturing the existence of the product term I mnk P mnk , we exert some transformations on the constraints (6b) and (6f) as follows M m=1 N n=1
0 ≤ I mnk P mnk ≤ I mnk P max , ∀m, n, k.
Then the original optimization problem (6) can be rewritten as (7), (8) .
First, we have the following lemma for the problem (6).
The optimal solution to (6) is optimal to the problem (9), and can be restored from the optimal solution to (9) if it is feasible.
Proof. Note that the feasible set of the problem (9) is larger than the original problem (6) due to the difference between the constraint (6f) and (8) . Specifically, when I mnk = 0, (6f) means P mnk = 0 whereas P mnk can take any value based on (8) . When it comes to the case I mnk = 1, constraint (6f) and (8) are equivalent. It is necessary to remark that based on the optimal solution to the problem (9) (if feasible), the optimal solution to the problem (6) is recovered by letting P mnk = 0, if I mnk = 0. Hence, the problem (9) is a positive alternative to the problem (6) .
With the Lemma 1, we can then introduce a slack variable p mnk to resolve the challenge caused by the coupling between I mnk and P mnk . By letting p mnk equal to I mnk P mnk , we reformulate the problem (9) as
Note that the constraint (10b) is still nonconvex. We resort to the first-order Taylor expansion to approximate it. For constraint (10b), the first term in the left-hand side is concave since perspective function preserves convexity. Then, by the first-order Taylor approximation of the concave function √ x k , we further obtain the following locally tight upper bound
k is the value of variable x k in the ith iteration. Based on the above approximation, the constraint (10b) can be converted into a convex constraint as M m=1 N n=1
It's worth noting that it's the binary nature of the scheduling variables I mnk , ∀m, n, k that makes the problem intractable. Therefore, we relax them into continuous variables between 0 and 1. Considering the requirement that each PRB is allocated to at most one user, we have to add the constraint I mn 0 ≤ 1, ∀m, n to guarantee this sparsity requirement, where I mn ∈ R K + is defined as I mn = [I mn1 , · · · , I mnK ] T . Then, the problem in each SCA iteration can be formulated as
(6d), (6e), (10c), (11) .
Eventually, given that the problem (12) is nonconvex owing to 0 -norm in the constraint (12c), we exploit the reweighted 1 -norm to approximate it [21] , which can enhance the sparsity of solutions and improve the performance of I mnk recovery for all m, n, k. For any m, n, define a weight matrix W mn ∈ R K×K + , which is a diagonal matrix with {W mn1 , · · · , W mnK } on the diagonal and zeros elsewhere. Based on the method in [21] , we construct the weights W mnk = 1 I mnk +ξ for each k = 1, · · · , K, where ξ > 0 is a relatively small value. Note that such construction approach enforces the nonzero elements of I mn , ∀m, n level off to 1. This reweighted 1norm approximation produces a convex constraint set as
Thus, the optimization problem (12) can be approximated into a convex one, given by
which can be efficiently solved with the off-the-shelf convex solver like CVX. As a result, the suboptimal solution to the optimization problem (6) can be obtained by iteratively solving (14) until convergence. According to the preceding analysis, now we propose an iterative algorithm to solve the optimization problem (6) by applying SCA [22] . The SCA-based algorithm is summarized in Algorithm 1. It can be proved by [23] that the proposed algorithm can converge to at least a stationary solution if it is feasible.
Algorithm 1 : SCA-based Algorithm for Solving Problem (6) 1: i = 0, ∆ = 1, tolerance = 10 −6 , p 9: i := i + 1. 
V. NUMERICAL RESULTS
In this section, we show some simulation results to evaluate the performance of the proposed robust scheduling and resource allocation scheme.
In the simulation, the cell radius is 200 m. We consider the worst case that all URLLC users are located at the edge of the cell. We denote byĥ mnk ∼ CN (0, 1) , ∀m, n, k the Rayleigh fading component. Moreover, the path loss component is modeled as 35.3 + 37.6 log 10 (d k ) in dB [9] , where d k in meter denotes the distance from the BS to the user k. The number of frequency bins is 64 and the bandwidth of each PRB is 180 kHz. The power spectral density of the AWGN at the users is assumed to be −169 dBm/Hz. The parameter ξ for constructing the weight matrix is 0.01. We generate 100 channel realizations and take their average as each simulation result. Fig.2 shows the minimum sum power p tot required to transmit target payload B k = B bits ∀k with different channel estimation error δ for P max = 23 dBm. There are 4 URLLC users and the number of time slots N is 6. The delay of these four users is set as D 1 = 3, D 2 = D 3 = 4, D 4 = 6, respectively. We set the maximum packet error probability ε k = 10 −6 , ∀k. It is observed that p tot grows almost exponentially with the increase of the minimum transmission bits B. Note that the larger the channel estimation error δ is, the greater the sum power required to transmit the same number of bits is, and the impact of the channel estimation error is comparatively greater when the target payload is large (e.g. 160 bits).
In Fig.3 , we plot the minimum sum power p tot required by all users in the system to transmit the target number of bits B k = B, ∀k within a given delay requirement D 1 = 2, D k = 4, ∀k = 1 for P max = 38 dBm, δ = 0.01 and ε k = 10 −6 , ∀k. The number of time slots N is 4. Obviously, when K is given, the more p tot is required as the payload to be transmitted increases. As can be seen from Fig.3 , when the target transmission bits is small (e.g. 20 bits), the sum power p tot grows linearly with the increase of the number of URLLC users K in the system. In contrast, when the required transmission bits is considerable (e.g. 60 bits), p tot grows exponentially with the increase of K. This result is in line with the fact that when the number of time-frequency resource blocks is fixed, with the increase of K, the allocation of larger power renders the satisfaction of minimum transmission payload requirements possible. In Fig.4 , we evaluate the convergence performance of the proposed iterative algorithm when the number of frequency bins and users is large (e.g. N = 64, K = 9). In this case, other parameters are set as B k = 60bits, ∀k, P max = 38 dBm, δ = 0.01, ε k = 10 −6 , ∀k, N = 4. Note that as the increase of the number of frequency bins and users, the proposed algorithm needs considerably more iterations to converge since additional users lead to additional search dimensions in the expanded time-frequency plane. As for the case of N = 64, K = 9, this algorithm can reach convergence in 60 iterations on average. Fig.5 illustrates the influence of user's delay on the p tot required to complete the target transmission task B k = B, ∀k for P max = 23 dBm, δ = 0.01, ε k = 10 −6 , ∀k. There are 4 users and the number of time slots N is 6. In order to facilitate the observation of the effect of delay on the required power, we change the maximum allowable delay of the first user from 1 to 6 (e.g. D 1 ∈ [1, 6]), while the delay requirements of other users remain unchanged (e.g. D 2 = D 3 = 4, D 4 = 6). The user's delay requirements have a greater impact on the power, which is more significant when the number of transmission bits is large. As can be seen from the Fig.5 , if D 1 is relaxed from 1 to 6, p tot is reduced by about 0.4 watt for B = 60 bits, while p tot is sharply reduced by about 0.9 watt for B = 100 bits. Fig.6 presents the minimum sum power p tot required to complete the transmission of B k = B bits with a given maximum packet error probability ε k = ε, ∀k for P max = 32 dBm, δ = 0.01. There are 4 users and the number of time slots N is 6. The delay of these four users is set as D 1 = 3, D 2 = D 3 = 4, D 4 = 6, respectively. It is observed that the required sum power p tot decreases significantly as the allowable maximum packet error probability ε increases, which is in accordance with the capacity formula in the FBL regime. Also, when ε is given, the more p tot is required as the number of data bits to be transmitted increases. 
VI. CONCLUSION
In this paper, we formulated the sum power minimization problem which jointly optimizes the allocation of PRBs and power allocation with imperfect CSI, specified QoS requirements for URLLC users. By using the structure of the original formulated problem, we find a positive alternative to it and the solutions to the original one can be recovered. By introducing slack variables and applying the first-order Taylor approximation and reweighted 1 -norm technique, we convert the nonconvex combinatorial and mixed-integer problem into a convex one. Then a low complexity SCA-based iterative algorithm is proposed. Numerical results illustrate that the channel estimation error and delay of users have a significant impact on the power required by the system especially when the transmission payload is large. Besides, when the timefrequency resource is fixed, more power needs to be allocated to meet the minimum transmission payload requirements as the number of users increases. Even when the number of frequency bins and users is large, the proposed SCA-based iterative algorithm can reach fast convergence.
